New insights into India’s single stock futures markets by HUNG, MAO-WEI & SO, LEH-CHYAN
MPRA
Munich Personal RePEc Archive
New insights into India’s single stock
futures markets
MAO-WEI HUNG and LEH-CHYAN SO
2009
Online at http://mpra.ub.uni-muenchen.de/52491/
MPRA Paper No. 52491, posted 26. December 2013 15:11 UTC
New insights into India’s single stock 
futures markets 
 







This study investigates correlations between India’s bustling single stock futures 
(SSFs) and its peculiar Badla mechanism. Data from the world’s most active SSF 
market, the National Stock Exchange (NSE) of India, are used. The results indicated 
that both the Badla mechanism and the introduction of SSFs seem to have contributed 
to the higher volatility of the spot markets. Our results show that the NSE’s success 
with SSFs can be attributed to the peculiar trading conventions of the Badla system. 
However, we propose that this success could come at the cost of market disability, 
suggesting that there is justification for strengthening market regulations. 
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Introduction  
Since the first of the single stock future (SSF) contracts was launched on the 
Sydney Futures Exchange (SFE) in Australia on May 16, 1994, SSFs have been listed 
on another 20 exchanges globally. Table 1 provides a summary of the world’s top ten 
active SSF exchanges. 
    To our surprise, India’s National Stock Exchange (NSE) outperforms others in 
terms of the SSF trading volume. The trading volumes of SSFs for the NSE are about 
13 times those of OneChicago, which is the well-known headquarters of the 
derivatives market. NSE has become the world’s busiest SSF trading center since 
November 9, 2001, when SSFs were formally listed and trading began. As the most 
active SSF market in the world, the NSE of India has been sharing its successful 
experiences with exchanges worldwide that are eager for access to SSFs. Although 
there have been some studies of India’s SSF market (for example, Mohan, Kumar, & 
Pappu, 2002), there has been little attention given to the relationship between the 
success of NSE’s SSF business and India’s conventional trading mechanism, Badla. 
Badla is a peculiar mechanism that has operated for several decades in India. It is 
a trading system initiated by the Bombay Stock Exchange (BSE).1 This futures-like 
mechanism allows traders to carry a large long or short net position forward to the 
next settlement period so that traders can accumulate adequate positions to hedge or 
avoid delivery for months. A comparison of Badla and futures is presented in Table 2. 
The Badla has three functions in the equity market; that is, as a quasi-hedging 
mechanism, a stock lending mechanism, and a financing mechanism. To protect the 
market structure and the regulatory framework, Badla was first banned by the 
Securities and Exchange Board of India (SEBI) in 1993 (effective March 1994). It 
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was then legalized again in 1996, partially because the exchange was not ready for the 
modern derivatives market, and partially because of the brokers’ strenuous lobby.  
Besides the BSE, the NSE also introduced its own version of badla, which was 
called the Automated Lending and Borrowing Mechanism (ALBM). Much younger 
than the BSE with its long history, the modern NSE was established in November 
1992 by government-sponsored institutions. To catch up with the open positions and 
turnover rates of the stocks on the BSE, the NSE introduced the ALBM in February 
1999 to neutralize the advantage of the BSE. Although the ALBM has some 
operational differences from the BSE’s Badla version, they are conceptually the same. 
According to data from 2001, the NSE permits ALBM in 175 stocks, compared to the 
BSE’s 142 “A-group” Badla stocks.  
    Later on, when the trading mechanisms for derivatives were established within 
the NSE, SSFs were introduced to India’s investors. Anand Rathi, the ex-president of 
BSE, said in his interview with Business Line, “Badla combines all the economic 
functions of the capital market with the financial functions in one product. In other 
parts of the world, all this is available separately. The day all these products are 
available in India, I don't think anybody would need Badla.” Finally, Badla became 
history when banned on July 2, 2001. Since then, the equity trading system adopted 
rolling settlements, to be done on a T+5 basis.2 On November 9, 2001, SSFs were 
formally listed, and began trading on the National Stock Exchange of India.  
During its tumultuous history, Badla has played a very important role in India’s 
trading market. Although SSFs are derivatives, Indians have adapted to the products 
easily. Since Badla and SSFs share some properties, we suggest that NSE’s success 
with SSFs may be attributed to the peculiar conventional mechanism, Badla. 
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    Since the trading of futures and other derivatives has become more frequent in 
recent years, a growing number of studies have been done to examine the influence of 
derivatives trading on the underlying stock markets. Some report that derivatives 
trading results in higher underlying stock market volatility (see, for example, 
Figlewski, 1981; Conrad, 1989; Harris, 1989; Damodaran, 1990; Harris, Sofianos, & 
Shapiro, 1994; Antoniou & Holmes, 1995; Antoniou, Holmes, & Priestley, 1998; 
Gulen & Mayhew, 2000; Rahman, 2001; Bae, Kwon, & Park, 2004). However, there 
is significant academic dissent to this view, which argues that the introduction of 
derivatives lowers (or has no significant effect on) the volatility of the underlying 
stock markets (see, for instance, Ma & Rao, 1988; Edward, 1988; Choi & 
Subrahmanyam, 1994; Pericli & Koutmos, 1997; Lee & Tong, 1998; Illueca & 
Lafuente, 2003; Spyrou, 2005). To investigate the conjectures of the current study, we 
must first determine whether Badla and the introduction of SSFs had a similar impact 
on the underlying stock market.  
However, as summarized in Antoniou, Holmes, and Priestley (1998), changes in 
volatility may be both desirable and undesirable. One view blames increased volatility 
after the introduction of derivatives trading by speculators. These forces, destabilizing 
to the underlying market, have been traditionally considered undesirable consequence 
of the introduction of derivatives. Since derivatives such as futures are highly 
leveraged products, they are attractive to uninformed market participants. Trading 
without information, such noise traders cause prices in both derivatives and cash 
markets to deviate from their fundamental value. However, another viewpoint 
emphasizes the attraction that derivatives exert on additional informed traders. The 
transmission of news is improved, resulting in a more efficient impounding of 
information on prices. Increases in volatility based on this may be viewed as a 
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desirable consequence of the introduction of derivatives.  
Nevertheless, the information flows are difficult to measure, and the extent to 
which the price variability is driven by noise or information is hard to determine. 
Until Andersen (1996) proposed the Generalized Method of Moments approach 
(GMM) to test this, a direct examination of the Mixture of Distribution Hypothesis3 
(MDH) could not be undertaken. Based on the premise that a series of moment-based 
conditions should be satisfied under the validity of the MDH, Andersen’s method 
helps to identify the roles information and noise play in the price-generating process. 
Utilizing Andersen’s (1996) method, Holmes and Tomsett (2004) concluded that, for 
the three examined U.K. futures markets, the MDH was supported, and information 
was the main force affecting price variations. 
As we know, by making market prices a mixture of the value of the share and the 
futures price of the share, Badla was notorious for its distortion of market signals. In 
hindsight, the banning of Badla may have been warranted, since trading on the 
“wrong” price could be avoided. If we find that Badla and the introduction of SSFs 
had a similar impact on the underlying stock market, then it will be reasonable to infer 
that changes in volatility after the introduction of SSFs could also have been the result 
of noise.  
Instead of improving the transmission of news, the introduction of SSFs could 
destabilize the cash market as well as the futures market. To support our hypotheses, 
we must next determine whether the price variability is desirable or undesirable, using 
Andersen’s method to establish the driving force behind the price changes. 
This paper will continue as follows: the data used are described in Section 2, the 
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methodology employed is described in Section 3, the empirical results are presented 
in Section 4, and the conclusions of the paper are presented in the final section. 
2. Data        
The data used in this study were obtained from the National Stock Exchange of 
India (NSE) database. Currently, the NSE has SSF contracts traded on 226 individual 
stocks. The contracts have delivery dates over three consecutive months. The 
contracts are settled in cash. In addition, there are specific daily price movement 
limits and position limits.  
The data used in this research consist of the top ten active single stock future 
contracts (SSF) listed on the NSE. Among these ten underlying stocks, four belong to 
the banking industry, two belong to the information technology industry, two belong 
to the energy industry, one belongs to the cement industry, and one belongs to the 
petrochemical industry. All of them adopted the ALBM until July 2, 2001. 
The data cover SSFs from the date they were introduced to May 31, 2005, and 
their corresponding underlying stocks from April 1, 1999 to May 31, 2005.4 To 
determine whether the underlying stock returns are influenced by the Badla, or by the 
introduction of the SSF contracts, we divided the data periods into three groups; i.e., 
the Badla period, the transition period, and the post-introduction period, as shown in 
Table 3. A comparison of the average trading volume for the three sub-periods, as well 
as that for the SSF contracts, is illustrated in Table 4 and Figure 1. 
Although the market experienced a shrinking trading volume following the 
banning of Badla in 1993, only three securities among the ten actually decreased in 
volume during the transition period, as shown in Figure 1. The introduction of the 
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SSFs also contributed to the larger trade volume of underlying stocks. From Figure 1, 
we observe that seven of the ten securities had even greater trading quantities than 
they had during the Badla period. 
3. Methodology 






where tp  and 1−tp  are close prices at time t and time t-1.  
As listed in Table 5, we found that the variances in the underlying stock returns 
show slight differences between the three groups.  
However, when we plotted ACF and PACF graphs of the series tr and
2
tr , we 
found that autocorrelation of tr was very low, while autocorrelation of 
2
tr  was quite 
high. (To save space, the ACF and PACF graphs are omitted here.) This implies that 
even though we could claim that tr was serially uncorrelated, we could not jump to 
the conclusion that tr was serially independent. Hence, volatility models were 
employed to capture such dependence in the series .tr      
Bollerslev (1986) proposed a useful extension of ARCH, known as the 
generalized ARCH (GARCH) model to avoid estimating too many parameters in the 
ARCH model. Akgiray (1989) reported that, compared with various ARCH models, 
GARCH (1,1) performed best on estimating conditional volatility. Hence, we began 
with the assumption that the conditional variance of the daily returns of the 
underlying stocks has the form of GARCH (1,1). The GARCH (1,1) model used in 




1 −− ++= ttt hrh γβα                                    (1)   
where th  and 1−th  are the current and lagged values of conditional variance of the 
underlying stock daily returns and 21−tr  is the lagged value of the squared return. 
After estimating the parameters in Equation (1) for the returns of the Badla 
period, the transition period, and the post-Introduction period, we adopted the statistic 
suggested by Harnett and Soni (1991) to test for significant differences in the 
estimated parameters for the pre and post periods. Rahman (2001) employed this 
statistic and concluded that the conditional volatility in the DJIA spot market 
exhibited no structural changes caused by the introduction of index futures or futures 
options. Hung, Lee, and So (2004) applied this statistic to show that the introduction 
of the foreign listed SSF contracts seems to have explanatory power with respect to 
the higher volatility of their domestic spot markets. The statistic is described as 
follows: 
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where prex ( postx ), 2preσ) ( 2postσ) ), and pren ( pren ) are the sample mean, sample 
variance, and sample size of β orγ for all 10 stocks for the pre and (post) period, 
respectively; preΜ  and postΜ  are the respective population means. The statistic 
follows a t distribution with a ( 2−+ postpre nn ) degree of freedom. 
In order to examine whether noise or informed traders dominate the cash market, 
we tested the modified Mixture of Distribution Hypothesis (MDH). Another model 
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suggested by Andersen (1996) was employed. The structure of the modified MDH is 
organized as following: 
                           ttt IVNVV +=                          (3) 
                        
( )ttt IrNIr ,~                         (4) 
( )ttt IvvPocIV 10~ˆ +⋅                      (5) 
where tV  is the daily trading volume made up by noise trade ( tNV ) and informed 
trade ( tIV ) ; tr  is the daily return;5 tVˆ  is the detrended volume;6 tI  is the 
unobserved number of information arrivals; c  is a constant for the detrending 
process; Po is a Poisson distribution;7 0v and 1v  are the noise and informed 
components of volume, respectively.  
Combining Equations (4) with Equation (5), Andersen (1996) constructed twelve 
equations that include an unconditional mean, volume, and cross moments to deduce 
the implication of the MDH. The following twelve equations each represent a 
different characteristic of the MDH: 
[ ] rrE t =                              (6) 
[ ] ( ) [ ]2/12/1/2 tt IErrE pi=−                      (7) 
( )[ ] [ ] IIErrE tt ==− 2                       (8) 
( ) [ ]2/32/13 /22 tt IErrE pi=−                     (9) 
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( )[ ] ( )[ ]tt IIErrE var3 24 +=−                   (10) 
[ ] ( ) VIvvcVE t =+= 10ˆ                     (11) 
( ) ( )tt IvcVcVVE varˆ 2122 += −                 (12) 
( ) ( ) [ ]331321223 var3ˆ IKEvcIvcVcVVE ttt −++= −        (13) 
[ ] VrVRE tt =ˆ                          (14) 
( )[ ] ( ) [ ] [ ]( )2/12/312/1/2ˆ tttt IEIEvcVVrrE −=−− pi          (15) 
( )[ ] ( )ttt IvIVVrrE varˆ 12 +=−                (16) 
( ) ( ) ( ) [ ] ( )[ ]ttttt IKIIEvcIvcVIcVVrrE varvarˆ 32121222 −−++= −−  (17) 
where the two series tr  and tVˆ  are the return series and the detrended volume series, 
respectively. tI  is the information intensity variable. r  is the constant representing  
the possibility of a nonzero mean return. c is a positive constant that reveals the 
changed detrending volume. The most important parameters, 0v  and 1v , are the 
noise and informed components of volume, respectively.  
From Equation (6) to Equation (17), aside from the observed volume and returns, 
there are still nine free parameters that need to be estimated by applying the GMM 
procedure of Hansen (1982). The parameter vector is given by: 
[ ] [ ] ( ) [ ] ),,,,var,,,,( 1032/32/1 cvvIIEIIEIIEr tttt −             (18) 
Using twelve orthogonality conditions to estimate the nine free parameters results in 
three over-identifying restrictions. Hence, the chi-squared distribution with three 
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degrees of freedom ( 23χ ) is suitable for the test of goodness-of-fit. If the test statistics 
are above the critical value, there is no evidence to support the MDH. Conversely, if 
the test statistics are smaller than the critical value, the MDH holds. 
 By examining the estimated values of 0v  and 1v , the relative impact of the 
noise and informed components of volume can be identified. The estimated values 
reveal what types of trade dominate the market. If the stock market is destabilized, the 
noise component of volume must be larger than the informed component. Aside from 
the two crucial parameters, the MDH are composed of the other seven parameters. r  
is the expected return of the stock. As the average daily indicator of information, I  
may be high or low but it cannot be negative. ( )tIvar  represents the variation of the 
information intensity. [ ]2/1tIE  and [ ]2/3tIE  reflect the other moments of the 
information process and are expected to be positive. [ ]3IIE t − is the parameter 
representing whether information intensity is distributed symmetrically around its 
mean or whether it is skewed. 
4. Empirical results                                        
The estimated coefficients of 21−tr  and 1−th  (i.e. β and γ) in Equation (1) 
for the ten stocks in the Badla period, transition period, and post-introduction period 
are reported in Table 6. The report of α  is omitted due to its exceedingly small value 
and relative insignificance. 
    The statistics for β and γ for the three cases: Badla period vs. transition 
period, transition period vs. post-introduction period, and Badla period vs. 
post-introduction period, were computed. Table 6 displays the results. From Table 7, 
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we found that γ was significantly different between the Badla and transition periods 
and β was significantly different between the transition and post-introduction 
periods, while both β and γ were not significantly different between the Badla 
period and the post-introduction period. That is, the volatility of the spot market 
changes may be due to the Badla mechanism or the introduction of the SSF. We 
suggest that Badla and the introduction of SSFs may have a similar impact on their 
underlying stock markets. This indirect evidence demonstrates that India’s active 
single stock futures market might be related to its unique conventional Badla 
mechanism. 
In order to examine which is the main trading force in the cash and derivatives 
market, we introduced Andersen’s (1996) method to deduce the implications of the 
modified MDH. The results of the GMM test of the stock market are presented in 
Table 8. The results of the GMM test of the SSFs market are presented in Table 9.  
From Table 8, we can see that the statistics of the 23χ -test are all above the 
critical value, which shows that the ten underlyings of the SSF contracts reject the 
MDH. Also, 0v  is larger than 1v  in the ten stocks for the three periods. This 
suggests that noise traders are the major driving force in the spot market, 
corresponding to Anderson’s (1996) findings in the U.S. stock market between 1973 
and 1991.  
The other parameters are almost statistical significantly. The mean return, r , is 
an approximation to the descriptive statistics. [ ]2/1tIE  and [ ]2/3tIE , are all positive as 
the specification. c  is a positive scaling parameter for volume. ( )tIvar  is the 
variance of the information intensity. Roughly speaking, the estimated value of 
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( )tIvar  is positive and smaller than the mean information intensity, I . This implies 
that the information flows arrive in a regular path. [ ]3IIE t −  is almost negative. The 
stocks have an unsymmetrical distribution of information. I  is positive for all 
contracts since it is impossible for the information intensity to be negative. These 
small figures show that not only does information arrive infrequently, but it also has 
little influence.  
In Table 9, similar results can be seen for the SSF market. We claim that all of 
the ten SSF contracts reject the MDH, since the statistics of the 23χ -test are all above 
the critical value. In addition, we can see that 0v  is larger than 1v  in the ten SSFs. 
The evidence from both sources suggests that noise traders are the major driving force 
in the SSF market. 
The other parameters are almost statistical significantly. From the observation 
that the estimated value of ( )tIvar  is positive and smaller than the mean information 
intensity, I , we claim that the information flows arrive in a regular path. In addition, 
the SSFs have an unsymmetrical distribution of information, since [ ]3IIE t −  is 
almost negative. The small positive figures of I  show that not only does information 
arrive infrequently, but it also has little influence.  
To compare the extent of noise trading in the spot market during the three 
sub-periods with that in the SSF market, we compute the ratio of the noise to total 
volume, which is shown in Table 10. From this table, we can see that after the 
prohibition against the Badla, noise trading went down in three securities. Berkman 
and Eleswarapu (1998) reported that when Badla trading on the BSE was banned 
between 1993 and 1995, noise trading declined. Later, after the introduction of the 
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SSFs, noise trading went up in seven securities. For four securities among the seven, 
noise trading during the post-introduction period was even worse than it was during 
the Badla period. Noise trading dominates informed trading in the SSF market, for the 
ratio stands at a very high level, from 0.8 to 0.95. 
To sum up, our analysis supports the hypothesis that uninformed market 
participants, attracted to the SSF market due to low transaction costs and high 
leverage, introduce variability into the prices of both derivative and cash markets. Our 
findings stand against the viewpoint that derivatives lure additional informed traders 
to improve the transmission of news and to create a more efficient impounding of 
information on prices. On the contrary, based on our findings, we believe that 
increases in volatility may be viewed as an undesirable consequence of the 
introduction of derivatives. We suspect that in the absence of the price discovery 
function of futures, trading in the SSF market is probably much like trading in a 
casino. 
5. Conclusion 
    In this paper, we used data obtained from the National Stock Exchange (NSE) of 
India to determine whether the Badla trading mechanism and the introduction of SSF 
contracts had influenced the volatility of underlying stock returns in a similar way. We 
began by employing the GARCH (1,1) model suggested by Akgiray (1989) and the 
statistic suggested by Harnett and Soni (1991) to determine whether there was a 
structural change in the volatility of underlying stock returns before and after the ban 
of Badla, and before and after the introduction of the SSF contracts. We conclude that, 
within our research samples, the volatility of the spot market changes may be due to 
the Badla mechanism or the introduction of the SSF. We also suggest that Badla and 
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the introduction of SSFs may have a similar impact on their underlying stock markets.  
    However, we also found that noise traders are the major driving force behind the 
NSE’s spot market as well as its futures market. By employing Andersen’s (1996) 
method, we found evidence to support the rejection of the modified Mixture of 
Distribution Hypothesis (MDH). This implies that the introduction of SSFs could 
destabilize the cash market as well as the futures market, resulting in undesirable 
consequences. Once the price discovery function of futures fails to perform, trading in 
the SSFs market is inevitably somewhat like trading in a casino. We suspect that the 
NSE’s bustling SSFs market is made up of a great majority of investors with gambling 
spirits.   
    By comparing the newly invented futures contracts to the conventional 
transaction mechanism of Badla, we offer a new insight into India’s SSFs market. We 
suggest that India’s active single stock futures market might be related to its unique 
Badla mechanism. Not only do SSFs share some properties with the Badla, they have 
also inherited their trading climate from Badla. For other exchanges around the world 
eager to introduce SSFs due to the temptation of high profits or running a business 
such as the NSE, we advise that they should look before they leap. For India’s 
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1. Refer to Berkman and Eleswarapu (1998) for more details about the Badla trading 
system on the BSE. 
2. Under the Badla, trades occur on all working days but settle only once a week. 
Suppose a person buys 1000 shares on the first day of the settlement period and then 
sells 500 shares on the next day. The net open position of 500 shares leads to 
settlement. However, under the T+5 rolling settlement, his 1000 shares long position 
and 500 shares short position will be settled separately on five working days after the 
trading dates. 
3. The term ‘Mixture of Distribution Hypothesis (MDH)’ comes from Tauchen and 
Pitts (1983), and states that, with information arrival, both daily price change and 
trading volumes are mixtures of independent normals. 
4. Only Syndicate Bank has fewer observations from December 27, 1999 to May 31, 
2005. 
5. The daily prices of single stock futures are calculated from the closing price by the 
method of Rougier’s (1996) contiguous price index. Then, return series are presented 
in logarithm format. 
6. To construct the detrended volume, we divided the actual trading volume by the 
value calculated from a nonparametric kernel regression with a normal kernel. 
7. The assumption of a conditional Poisson rather than normal distribution makes the 
modified MDH different from the standard MDH (see Anderson, 1996). 
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Table 1      
The world rankings of SSF contracts by volume traded and notional value 
 Volume Value( USD million) 
Nation Exchange 2005 2004 2005 2004 
India National Stock Exchange  1 1 1 1 
Russia RTS Stock Exchange 2 2 2 2 
South Africa Johannesburg Stock Exchange 3 5 6 8 
Spain BME Spanish Exchange 4 4 5 4 
United Kingdom Euronext Liffe 5 3 3 3 
Italy Borsa Ilaliana 6 7 4 5 
Sweden and Finland OMX 7 6 NA NA 
Greek Athens Stock Exchange 8 8 9 7 
Hungary Budapest Stock Exchange 9 9 7 6 
Australia Australian Stock Exchange 10 10 8 9 
Note: NA means “Not Available”.   
Sources: World Federation of Exchanges ( http://www.world-exchanges.org/WFE/home.Asp ) 
        RTS Stock Exchange ( http://www.rts.ru/?tid=541) 
 
Table 2      
A comparison of Badla and Futures 
Badla Futures 
♦ Expiration date unclear  ♦ Expiration date known  
♦ Spot market and different expiration dates are 
mixed up 
♦ Spot market and different expiration dates all 
trade distinct from each other. 
♦ Identity of counterparty often known  ♦ Clearing corporation. is counterparty  
♦ Counterparty risk present  ♦ No counterparty risk  
♦ Badla financing is additional source of risk ♦ No additional risk.  
♦ Badla financing contains default-risk premium 
♦ Financing cost at close to riskless thanks to 
counterparty guarantee 
♦ Asymmetry between long and short  ♦ Long and short are symmetric  
♦ Position can break down if borrowing / lending 
proves infeasible 
♦ You can hold till expiration date for sure, if you 
want to 





Table 3    
The dates and observations for the ten stocks in National Stock Exchange of India 
Name(Symbol) Data period Banned date Introduction date Badla period Transition period Introduction period Total observations 
ACC 1999/04/01~2005/05/31 2001/07/02 2001/11/09 567 90 895 1552 
BANKINDIA 1999/04/01~2005/05/31 2001/07/02 2003/08/29 567 540 445 1552 
ICICIBANK 1999/04/01~2005/05/31 2001/07/02 2003/01/31 567 396 589 1552 
INFOSYSTCH 1999/04/01~2005/05/31 2001/07/02 2001/11/09 567 90 895 1552 
IPCL 1999/04/01~2005/05/31 2001/07/02 2003/01/31 567 396 589 1552 
ONGC 1999/04/01~2005/05/31 2001/07/02 2003/01/31 567 396 589 1552 
RELIANCE 1999/04/01~2005/05/31 2001/07/02 2001/11/09 567 90 895 1552 
SATYAMCOMP 1999/04/01~2005/05/31 2001/07/02 2001/11/09 567 90 895 1552 
SBIN 1999/04/01~2005/05/31 2001/07/02 2001/11/09 567 90 895 1552 
SYNDIBANK 1999/12/27~2005/05/31 2001/07/02 2003/09/26 379 560 425 1364 
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Table 4 
Average trading volume for the sub-set of all samples 
 
  Average Trading Volume (million shares) 
Name(Symbol) Badla period Transition period Post-introduction period SSFs 
ACC 2.93 1.49 1.70 3.74 
BANKINDIA 0.147 0.687 2.29 5.06 
ICICIBANK  0.177 0.358 1.26 1.89 
INFOSYSTCH 0.373. 0.623 0.785. 0.730 
IPCL 0.638 0.867 1.55. 3.06 
ONGC 0.034138 0.240 1.36. 1.71 
RELIANCE 7.09 3.28 4.97. 5.94 
SATYAMCOMP 7.08 9.30 11.2 10.5 
SBIN 2.90 0.293 2.73 4.65 





Mean and variance for the sub-set of all samples 
 
 Return series 
 Badla period  Transition period Post-introduction period 
Name(Symbol) Mean Variance Mean Variance Mean Variance 
ACC -0.004207 0.011106 0.000724 0.000968 0.001061 0.000440 
BANKINDIA -0.000568 0.000103 0.002390 0.000683 0.001467 0.001247 
ICICIBANK  0.002753 0.001840 0.000405 0.000899 0.001670 0.001156 
INFOSYSTCH 0.000488 0.002514 -0.002979 0.002794 -0.000271 0.002784 
IPCL -0.001323 0.001352 0.001514 0.001013 0.001013 0.00107 
ONGC 0.000475 0.001005 0.002220 0.000767 0.00094 0.000881 
RELIANCE 0.001823 0.000873 -0.003845 0.000908 0.000803 0.000380 
SATYAMCOMP -0.004059 0.007481 -0.001637 0.002344 0.001256 0.000895 
SBIN 0.0000838 0.000910 -0.000896 0.000578 0.001351 0.000477 





Estimates from the variance equation for different periods  2 12 12 −− ++= ttt γσβεασ  
 Badla period Transition period Post-introduction period 
 
β  γ  β  γ  β  γ  
Name(Symbol) coefficient P-value coefficient P-value coefficient P-value coefficient P-value coefficient P-value coefficient P-value 
ACC  1.964630* 0.0000 0.643378* 0.0000 0.273351* 0.0201 0.549412* 0.0001 0.100668* 0.0000 0.873798* 0.0000 
BANKINDIA 0.179481* 0.0000 0.686944* 0.0000 0.192381* 0.0000 0.788373* 0.0000 0.340856* 0.0000 0.105813 0.3138 
ICICIBANK 0.128056* 0.0000 0.838671* 0.0000 0.268567* 0.0000 0.534840* 0.0016 0.185951* 0.0000 0.379935* 0.0016 
INFOSYSTCH 0.141587* 0.0000 0.885042* 0.0000 0.333620 0.0600 0.668191* 0.0000 -0.002321 0.4814 0.595677 0.4023 
IPCL  0.169268* 0.0003 0.528959* 0.0000 0.628610* 0.0000 0.639870* 0.0000 0.247162* 0.0000 0.676173* 0.0000 
ONGC 0.078606* 0.0007 0.878833* 0.0000 0.334099* 0.0000 0.619579* 0.0000 0.125547* 0.0000 0.867042* 0.0000 
RELIANCE 0.155834* 0.0000 0.778341* 0.0000 0.697527* 0.0020 0.348854* 0.0085 0.239802* 0.0000 0.409531* 0.0000 
SATYAMCOMP 1.469144* 0.0000 -0.000826 0.92270 0.253519* 0.0296 -0.775888* 0.0002 0.102397* 0.0000 0.855541* 0.0000 
SBIN 0.057002* 0.0027 0.909136* 0.0000 0.434712* 0.0350 0.499154 0.1405 0.096547* 0.0000 0.882723* 0.0000 
SYNDIBANK -0.023637* 0.0000 1.002670* 0.0000 0.243152* 0.0000 0.792219* 0.0000 0.305393* 0.0001 0.527634* 0.0000 
















Table  7 
The statistic t* for β  and γ  
Periods(Pre/Post) β  γ  
Badla period / Transition period 0.293884 1.456725* 
Transition period /Post-introduction period 3.0049** -0.90514 
Badla period / Post-introduction period 1.167471 0.79011 
Notes: 1. Figures marked with** are statistically significant at the 5% level 
 (t (18) =1.734). 
      2. Figures marked with* are statistically significant at the 10% level  
(t (18) =1.330). 





















, β  and 
γ  are calculated by the equation above. 
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Table 8 
GMM estimation results for the Modified Mixture of Distributions Hypothesis in the stock 
market 
( )ttt IrNIR ,~     ( )ttt IvvPocIV 10~ˆ +⋅  
Panel A: Badla Period 
Name(Symbol) r  [ ]2/1tIE  I  [ ]2/3tIE  [ ]tIVar  [ ]3IIE t −  C  0v  1v  23χ  






























































































































































































Notes: 1. Figures in parentheses are p-values. 2. Figures marked with* are statistically significant at the 5% level. 
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Table 8 (continued) 
GMM estimation results for the Modified Mixture of Distributions Hypothesis in the stock 
market 
( )ttt IrNIR ,~     ( )ttt IvvPocIV 10~ˆ +⋅  
Panel B: Transition Period 
Name(Symbol) r  [ ]2/1tIE  I  [ ]2/3tIE  [ ]tIVar  [ ]3IIE t −  C  0v  1v  23χ  






























































































































































































Notes: Fig1. Figures in parentheses are p-values. 2. Figures marked with* are statistically significant at the 5% level. 
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  Table 8 (continued) 
GMM estimation results for the Modified Mixture of Distributions Hypothesis in the stock 
market 
( )ttt IrNIR ,~     ( )ttt IvvPocIV 10~ˆ +⋅  
Panel C: Post-introduction Period 
Name(Symbol) r  [ ]2/1tIE  I  [ ]2/3tIE  [ ]tIVar  [ ]3IIE t −  C  0v  1v  23χ  


































































































































































































GMM estimation results for the Modified Mixture of Distributions Hypothesis  
in the single stock futures market 
( )ttt IrNIR ,~     ( )ttt IvvPocIV 10~ˆ +⋅  
Single Stock Futures Period 
Name(Symbol) r  [ ]2/1tIE  I  [ ]2/3tIE  [ ]tIVar  [ ]3IIE t −  C  0v  1v  23χ  


































































































































































































The ratio of the noise to total volume for stocks and single stock futures contracts 
 
 Badla Period Transition Period Post-Introduction Period SSFs 




























ACC  3.1863 0.2877 0.9171 1.2150 0.3980 0.7532 1.5731 0.3059 0.8371 3.1015 0.2448 0.9268 
BANKINDIA 2.1422 1.1150 0.65768 2.5483 0.1841 0.9326 2.3847 0.3580 0.8694 1.9600 0.2827 0.8739 
ICICIBANK 14.5765 7.7903 0.6517 1.8420 0.9525 0.6591 2.9593 0.6946 0.8098 1.2342 0.3162 0.7960 
INFOSYSTCH 4.0371 1.5368 0.7242 13.3454 1.1234 0.9223 7.1460 1.2383 0.8523 1.4143 0.1513 0.9033 
IPCL  4.5265 1.3330 0.7725 1.1001 0.7944 0.5806 2.7332 1.6031 0.6303 2.3448 0.2430 0.9060 
ONGC 2.8312 1.2782 0.6889 1.3615 0.4018 0.7721 1.7283 0.3190 0.8441 2.6689 0.2478 0.9150 
RELIANCE 2.7566 1.2964 0.6801 1.2470 0.5524 0.6930 4.8778 0.8372 0.8534 3.8321 0.1866 0.9535 
SATYAMCOMP 6.0634 0.2311 0.9632 10.480 0.3759 0.9653 7.6667 0.0719 0.9907 8.3463 2.2535 0.7873 
SBIN 1.2622 0.4311 0.7454 1.2222 0.1520 0.8893 1.8894 1.6504 0.5337 1.7198 0.3967 0.8125 
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